The role of annual periodic behavior of water quality parameters in primary production by Kovács, József et al.
Pre-print of Ecological Indicators 78 (2017) 311–321; doi: 
http://dx.doi.org/10.1016/j.ecolind.2017.03.002  
 The role of annual periodic behavior of water quality parameters in primary production 1 
 - chlorophyll-a estimation - 2 
 3 
József Kovácsa, Péter Tanosb,c, Gábor Várbíród,e, Angéla Andab, Sándor Molnárc, István Gábor 4 
Hatvanif* 5 
 6 
aEötvös Loránd University, Department of Physical and Applied Geology, H-1117 Budapest, 7 
Pázmány Péter stny. 1/C, Hungary; kevesolt@gmail.com 8 
bUniversity of Pannonia Georgikon Faculty, Department of Meteorology and Water 9 
Management, H-8360 Keszthely, Festetics u. 7, Hungary; tanospeter@gmail.com,  10 
anda-a@georgikon.hu 11 
cSzent István University, Department of Mathematics and Informatics, H-2100 Gödöllő, Páter 12 
Károly utca 1, Hungary; molnar.sandor@gek.szie.hu 13 
dMTA Centre for Ecological Research, Danube Research Institute Department of Tisza River 14 
Research, H-4026  Debrecen, Bem tér 18/C, Hungary varbiro.gabor@okologia.mta.hu 15 
eMTA Centre for Ecological Research, GINOP Sustainable Ecosystems Group, H-8237 Tihany, 16 
Klebensberg Kuno u. 3, Hungary; 17 
 f Institute for Geological and Geochemical Research, Research Center for Astronomy and Earth 18 
Sciences, MTA, H-1112 Budapest, Budaörsi út 45, Hungary; hatvaniig@gmail.com  19 
 20 
Pre-print of Ecological Indicators 78 (2017) 311–321; doi: 
http://dx.doi.org/10.1016/j.ecolind.2017.03.002  
*Corresponding author address: Institute for Geological and Geochemical Research, 21 
Research Center for Astronomy and Earth Sciences, MTA, H-1112 Budapest, Budaörsi út 45, 22 
Hungary. Tel.: +36 70 317 97 58; fax: +36 1 31 91738. E-mail: hatvaniig@gmail.com 23 
Abstract: Since phytoplankton is an autochthonous primary producer, it plays a vital role 24 
in driving the water quality of rivers and lakes. Therefore, in cases where measurements are 25 
lacking, its estimation is of the essence. In the present study, Morlet wavelet spectrum (periodicity) 26 
and multiple regression analyses were conducted on 15 chemical, biological and physical water 27 
quality variables sampled at 14 sites along the Hungarian section of the River Tisza and 4 sites 28 
from artificial tributary channels for 1993 – 2005. Results show that annual periodicity was not 29 
always to be found in the water quality parameters, at least at certain sampling sites. Periodicity 30 
was found to vary over space and time, but in general, an increase was observed in the company of 31 
higher trophic states of the river heading downstream. Based on the spatial distribution of the 32 
periodic behavior of the water quality parameters (runoff, ions, and nutrients given in so-called 33 
periodicity indices), an improved model was constructed which was capable of explaining about 34 
half (adjusted R2 = 0.5) of the phytoplankton variance in the study area.  35 
 36 
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1. Introduction 40 
River networks present dynamically changing physical gradients to all biota, including 41 
phytoplankton (Kingsford, 2000). From the headwater, the characteristics of streams may vary, 42 
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from the heavily shaded streams of forested catchments to the deep channels of large autotrophic 43 
lowland rivers, where inorganic turbidity often restricts light availability (Dokulil, 2006; 44 
Istvánovics and Honti, 2012). The highest autotrophic productivity is to be expected in medium to 45 
large rivers, and in large floodplain rivers (Istvánovics et al., 2014).  46 
With urbanization and rapid population growth, water bodies are being more and more 47 
threatened by over exploitation and pollution, rivers being one of the most endangered among them 48 
(Hering et al., 2006). Therefore, their monitoring is an absolute necessity if we are to be able to 49 
follow and predict negative changes/scenarios. The Water Framework Directive of the European 50 
Union (EC, 2000) stipulated the achievement of “good ecological status” in natural water bodies 51 
by 2015; this, in turn, requires the continuous development and cross-border intercalibration of 52 
monitoring networks in order to achieve a better understanding of rivers processes (Chapman et 53 
al., 2016). 54 
One focal issue in this is eutrophication (Neal et al., 2008), which highlights the use of 55 
phytoplankton in the assessment of large rivers as a new and emerging task of the EU (Hering et 56 
al., 2010; Reyjol et al., 2014). Offering increasing development time, the lower stretches of a river 57 
may more easily become dominated by the planktonic element (Moss and Balls, 1989; Várbíró et 58 
al., 2007). This is manifested in a progressive increase in planktonic chlorophyll as one moves from 59 
the upper reaches to the middle- and lower sections of the river. Although, chlorophyll-a 60 
determination is neither a difficult nor expensive measurement, long term data is generally only 61 
available from the 1990s in Eastern Europe, as only then was it first included as an important 62 
parameter in national water quality monitoring programs.  63 
Phytoplankton play a vital role in fluvial ecosystems, especially in cases of changing climatic 64 
and environmental conditions (Villegas and de Giner, 1973). Also, due to their short life cycle, 65 
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they serve as important indicator of water quality (Wu et al., 2014; 2012). Taken together, these 66 
points show why forecasting algal content is fundamental to the management of river systems 67 
(Jeong et al., 2008; Read et al., 2014). The need for the creation of a model of phytoplankton 68 
dynamics which is capable of approximating real life phenomena as closely as possible has already 69 
been formulated (Elliott et al., 2010), and successful models have been derived in the case of rivers 70 
(Jeong et al., 2001; Wu et al., 2014) and a lake, Lake Taihu (China; Huang et al., 2014, 2012). 71 
However, none of these models has taken the periodic behavior of various water quality parameters 72 
into account as a possible driving factor. despite the fact that, as emphasized much earlier 73 
(Reynolds, 1984), the role of periodic cycles of phytoplankton has a crucial impact on population 74 
dynamics and shaping community structure. 75 
The presence or absence of annual periodicity, as demonstrated in our research, is not as 76 
evident as it may seem at first. The complex nature of the interactions and the superimposed 77 
presence of (i) anthropogenic, as well as (ii) other natural processes may disturb the natural periodic 78 
behavior of different water systems (Kovács et al., 2010; Fehér et al., 2016). Therefore, the periodic 79 
behavior of the main characteristics of water quality and the status of a river section (both) play a 80 
determining role in whether the growth of riverine phytoplankton – a main characteristic of any 81 
given river section - occurs or not. In the upper section the natural riverine phytoplankton consist 82 
of mainly tichoplatonic elements (Ruyter van Steveninck et al., 1990; Descy, 1987) while in the 83 
lower-, true euplactonic cenrales diatoms tend to dominate the primary production pillar of riverine 84 
food webs (Descy et al., 2017). As primary producers, planktonic algae in aquatic environments 85 
have a determining role in shaping the composition of aquatic ecosystems through their production 86 
of organic carbon, oxygen, as well as providing a source of food for herbivorous grazers (Wehr 87 
and Descy, 1998). In addition, the disturbance in periodic behavior of phytoplankton in riverine 88 
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systems triggers a chain reaction through the food web, as periodic behavior makes its effects felt 89 
through all sections of the riverine ecosystem and the ecosystem services provided (Daily, 1997). 90 
There is therefore, an obvious need to understand the driving constraints of phytoplankton 91 
dynamics in rivers.  92 
Annual periodicity is a natural behavior of riverine systems in the moderate climate zone and 93 
has been shown (Tanos et al., 2015) to play a major role in driving the periodic behavior of water 94 
quality parameters and in the shaping of natural phytoplankton dynamics. These in turn, can be 95 
traced by its main proxy, the chlorophyll-a content of the water (Borics et al., 2007; Tanos et al., 96 
2015). Although a number of empirical models have been developed to describe the relationship 97 
between macronutrients - mainly total phosphorus and total nitrogen - and phytoplankton 98 
chlorophyll-a, these models mostly focus on lakes (Phillips et al., 2008; Poikane et al., 2011). 99 
Therefore, if the periodic behavior of the general water quality parameters (runoff, ions, nutrients 100 
etc.) can be shown to play a significant role in driving the variance of chlorophyll-a content and 101 
quantify that effect, it could serve as a direct link in creating a new way of estimating phytoplankton 102 
chlorophyll-a presence. 103 
Therefore, the aims of the study are (i) to determine the change in annual periodic behavior 104 
of the water quality parameters of the riverine system of the Tisza and (ii) with the information 105 
gained to derive a model for the estimation of chlorophyll-a values from it in cases where direct 106 
measurements of these were lacking. 107 
 108 
2. Materials and methods 109 
2.1. Hungarian section of the River Tisza 110 
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The River Tisza collects the waters of the Carpathian Basin’s Eastern region. It is therefore 111 
a highly important ecological corridor (Zsuga et al., 2004). It stretches from its source in the Eastern 112 
Carpathians in the Ukraine to its confluence with the Danube at Titel in Serbia. The area of its 113 
watershed is 157,186 km2 (Lászlóffy, 1982), almost one third of which is located in Hungary 114 
(approx. 47,000 km2). The average amount of water brought by the Tisza into the Danube is 115 
25.4106 m3 y-1 (Pécsi, 1969). The main branch (river 966 km; Sakan et al., 2007) passes through 116 
five countries (the Ukraine, Romania, Hungary, Slovakia, and Serbia). 594.5 km of this main 117 
branch are to be found in Hungary. Its water quality, solely in Hungary, directly affects the lives 118 
of approx. 1.5M inhabitants. Heading downstream on the river’s Hungarian section, its tributaries 119 
are the following: the Szamos, Bodrog, Sajó, Zagyva, Kőrös, and Maros (Fig. 1). It becomes clear 120 
from the runoff values that the affluent having the strongest effect on the main flow is the Szamos 121 
(at its mouth its average runoff exceeds half of the average runoff of the Tisza) and a considerable 122 
“changing effect” is expected from the Bodrog, Sajó, Zagyva, Kőrös, and Maros Rivers regarding 123 
the periodic behavior of the river (Table A1). 124 
It has been documented that, besides the tributaries, other, mostly anthropogenic factors, 125 
such as e.g. the Tiszalök water barrage systems (WBS; Fig. 1), or lakes (e.g. Lake Tisza; Fig. 1) 126 
affect the water quality of the analyzed river section (Kentel and Alp, 2013; Moreira and Poole, 127 
1993). Even the current river ice regime may have changed due to the installation of WBSs (Takács 128 
et al., 2013; Takács and Kern, 2015). An artificial lake exists on the river, Lake Tisza, constructed 129 
in 1973. It was planned to function as a part of a future WBS. Nowadays, it is a much-frequented 130 
recreation zone and nature reserve. The lake’s length is 27 km, its mean depth is 1.3 m, and it has 131 
a total area of 127 km2. Moreover, non-point source nutrient loads arriving from agricultural areas 132 
have to be accounted for as well (Mander and Forsberg, 2000). Regarding large cities, there are 133 
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several along the river (e.g. Szolnok at sampling site T10 and Szeged at sampling site T13), which 134 
also have an environmental impact on the river’s water quality (Fig.1). 135 
 136 
Fig. 1. Hungarian catchment of the River Tisza, with its sampling locations. 137 
 138 
In the course of the analyses, the time series of 14 water quality variables (Table 1) for the 139 
years 1993-2005 were examined from 14 sampling sites (Fig. 1). The parameters were sampled by 140 
the various water inspectorates weekly and biweekly. Due to the large area monitored, these 141 
samples were not taken on the same day. Thus, after 2005, the sampling frequency was rarefied 142 
and the set of parameters changed. The number of data analyzed was ~50,000 in total. 143 
 144 
Table 1. Groups of water quality/quantity variables assessed in the study 145 
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Variables  Variable Groups 
Runoff (m3 s-1)   
Dissolved oxygen (DO; mg L-1)   
Biological oxygen demand (BOD-5; mg L-1)   
Ca2+ (mg L-1) 
Ions 
Mg2+ (mg L-1) 
Na+ (mg L-1) 
K+ (mg L-1) 
Cl- (mg L-1) 
SO4
2- (mg L-1) 
HCO3
- (mg L-1) 
NH4-N (mg L
-1) 
Nutrients 
NO2-N (mg L
-1) 
NO3-N (mg L
-1) 
PO4-P (µg L-1) 
 146 
Data preparation was performed so that the dataset would meet the basic requirements of 147 
the applied method. Possible typos and incorrectly recorded extreme values were sought manually, 148 
because there were occasions when an “act of God” (e.g. the anomalies caused by the cyanide 149 
pollution that occurred in 2000 in the river (Koenig, 2000) caused the water quality parameters to 150 
behave differently (produce an extreme record) from the general tendencies, although its 151 
measurements were probably accurate. The equidistant characteristic of the dataset was achieved 152 
by the fitting a cubic spline function to it (for details see Table A1). Thus, the time intervals 153 
between the resampled data were adjusted to the longest temporal interval of the original dataset, 154 
30 days.  155 
 156 
2.2. Methodology 157 
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Based on the presumption that a fair amount of the variance of chlorophyll-a is driven by 158 
other water quality parameters, the following procedure was developed. First, the annual periodic 159 
behavior of the water quality parameters is determined as periodicity indices using wavelet 160 
spectrum analysis and averaged for each sampling site for the investigated time interval (1993-161 
2005) (see Section 2.2.2). Then various combinations (averages for sites and/or parameter groups 162 
e.g. nutrients) of these periodicity indices are incorporated into multiple regression models (Draper 163 
and Smith, 1998) to find the one which best explains chlorophyll-a variance based on multiple 164 
criteria (O’Brien, 2007). 165 
 166 
2.2.1. Periodicity analysis in practice 167 
The most basic way to assess annual periodicity is to calculate the monthly averages of all 168 
monthly values and visually inspect whether those are periodic or not. Clearly, there are more 169 
sophisticated approaches to dealing with periodicity, such as the Lomb-Scargle method (Lomb, 170 
1976; Scargle, 1982; Fig. 2A). However, this is only capable of indicating the presence of the 171 
annual period, but not its location in time or even if the periodic characteristic is present over the 172 
whole time period. 173 
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 174 
Fig. 2. Lomb-Scargle periodogram for NO3-N, indicating a 12 month period A). The Morlet 175 
mother wavelet (Morlet, et al., 1982) B). The wavelet spectrum analysis C). The upper figure in 176 
panel C represents the resampled datasets of the parameter, while the lower represents its PSD 177 
graph, on which the 5% significance level against red noise is shown as a thick black contour (for 178 
details see Torrence and Compo, 1998). The black shaded areas mark the COI and the black 179 
horizontal dashed line indicates the annual period. 180 
 181 
In numerous cases, it is not the type of the period which is important, but its location in 182 
time. To deal with such questions, the Short-Time Fourier Transformation is at hand (Allen, 1977). 183 
This uses a fixed width windowed approach, which is not, however, capable of arriving at a balance 184 
between an optimal resolution in time and frequency.  185 
 186 
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2.2.2 Wavelet spectrum (periodicity) analysis 187 
To achieve a balance between the optimal resolution in time and frequency, wavelet 188 
spectrum analysis (WSA) was chosen, as has often been the case in related studies for different 189 
water bodies (Kovács et al., 2010, 2004; Lafreniére and Sharp, 2003; Tauber et al., 2011; Yanyou 190 
et al., 2006; Zhang et al., 2008), since WSA is localized in time (space) and scale (frequency), 191 
enabling it to grasp the signals’ temporarily changing characteristics. The wavelet transformation 192 
(WT; Eq. 1) may be defined as the convolution of the data and the wavelet function (Kovács et al., 193 
2010) of a time series (Χn, n=1,. . . ,N) with uniform time steps δt, (Eq. 1), it is a function with a 194 
mean of zero and is localized in both frequency and time (Grinsted et al., 2004). 195 
𝑊𝑛
𝑋(𝑠) = √
𝛿𝑡
𝑆
∑ 𝑋𝑛′𝛹0 [(𝑛
′ − 𝑛)
𝛿𝑡
𝑆
]𝑁𝑛′=1  (1) 196 
Where ‘s’ represents the scale, ‘ψ0’ the wavelet function, and ‘𝛿t’ the degree of the resolution. 197 
Its adaptability lies in the scaling method. In the present study, a Morlet mother wavelet (Morlet, 198 
et al., 1982; Fig.2B) provided the source function to generate daughter wavelets. This was achieved 199 
by scaling and transforming the mother wavelet. Thanks to its adaptability, WSA is even able to 200 
handle the problem of non-stationarity (Daubechies, 1990). The purpose of the wavelet 201 
transformation is multiple dissociation, by decomposing the data in the scaling space. In this way, 202 
it is possible to reveal its self-similarity structure (Farge, 1992; Hatvani, 2014; Kern et al., 2016). 203 
Because wavelet spectrum is composed of two independent variables (time and frequency), it can 204 
be visualized in 3D through the plotting of power spectrum density (PSD) graphs (Fig. 2C). Note 205 
here that WTC produces edge artifacts, since the wavelet is not completely localized in time. Thus, 206 
the introduction of a cone of influence (COI), in which edge effects cannot be ignored (Torrence 207 
and Compo, 1998; Fig. 2C), is suggested. 208 
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Since the more thorough discussion of the WSA is not the main aim of the study, readers 209 
are referred to the following publications for further details: Benedetto and Frazier (1994) and 210 
Vidakovic (2009).  211 
For easier interpretation, the presence of the significant annual periods of the PSD graphs 212 
(Fig. 2C) was transformed into percentages (periodicity indices, PI), where the full time interval 213 
was taken as 100%. These PIs can be explored in terms of parameter-, parameter group and 214 
sampling site (Table 2). 215 
 216 
Table 2. Definitions of the periodicity indices 217 
Name Abbreviation Definition 
PI of each variable PIv The ratio of time where the annual period is present 
to the full assessed time period in percentages for a 
particular variable. 
PI of a particular  
parameter groups 
PIgv Average PIv of a particular variable group at a 
certain sampling site. 
PI of a particular sampling 
site 
PIsl The ratio of the sum of the length of time where the 
annual period is present to the sum of the time 
periods assessed at a particular sampling site 
considering all variable together. 
 218 
2.2.3 Software used 219 
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All mathematical and statistical computations were performed using R 3.2.3 (R Core Team 220 
2015) and MS Excel 2016. The WSA was conducted using the dplR package (Bunn, 2010; Bunn 221 
et al, 2016). For the visualizations of the results, CorelDRAW Graphics Suite X7 and MS Office 222 
2013 were used. 223 
 224 
3. Results 225 
3.1. Possibilities for the application of WSA 226 
Most periodicity analysis methods require equidistant sampling. Environmental data often 227 
fail to meet this criterion. On the Hungarian section of the River Tisza, due to the fact that it is 228 
about 600 km long, and the various sampling sites of the river are managed by different authorities, 229 
this criterion is very incompletely met. In the early years of the assessed time period, sampling was 230 
bi-weekly then monthly, in some cases with gaps even in this frequency. In the latter case, 231 
interpolation was necessary e.g. using a spline function (Fig. S1). A 30 day resampling was 232 
commenced complying with the requirements of the planned Wavelet spectrum analysis (WSA; 233 
see Section 2.2.2 for details). If, however, there was a gap in the data, spline interpolation has to 234 
be used with caution, because it supposes a certain smoothness of the data. 235 
In the course of WSA, special attention should be paid to those parameters which indicate 236 
shifts (changes in order of magnitude), because such anomalies will corrupt the periodic behavior 237 
detectable by WSA and mask any underlying periodicity. According to WSA, at the Szolnok 238 
sampling site annual periodicity was present in the time series (1974-2005) of the NH4-N parameter 239 
53% of the time (Fig. 3A). It should be noted that, after 1993, the concentration of NH4-N greatly 240 
decreases (Fig. 3A upper figure), causing the periodic behavior seemingly to diminish. Therefore, 241 
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if the period between 1993 and 2005 is assessed separately from the whole dataset (Fig. 3B), it 242 
becomes clear that NH4-N did indeed display periodic behavior between 1993-2005. Thus, based 243 
on the two spectra, over 93% of the investigated time period, annual periodicity was present in the 244 
data, which is far more than the 53% indicated in Fig. 3A for 1974-2005. 245 
 246 
Fig. 3. PSD graphs of the WSA of NH4-N from the Szolnok sampling site between 1975-2005 A) 247 
and 1993-2005 - the time interval assessed in the study B). The statistics for two different time 248 
periods demonstrate the shift in its measured values (inset table). 249 
 250 
From 1990, about 75% and 40% of the decrease in P and N emissions, respectively, was 251 
due to improved sewage treatment and a significant drop in fertilizer application rates, down to 5 252 
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kg P ha-1 (Csathó et al., 2007; Schreiber et al., 2005). The concentration of ammonium-nitrogen 253 
decreased greatly starting in the beginning of the 1990s (Mander and Forsberg (2000), especially 254 
in the Eastern European region, more specifically the River Tisza in Hungary (Tanos et al., 2015). 255 
The reason behind this phenomenon lies in the fact that WSA was unable to follow the signal if 256 
there are explicit discontinuities in it as stated before. One solution to this problem is to split the 257 
dataset into separate segments at the discontinuities and assess these separately. 258 
A similar problem may arise in the case of a large number of missing values (Fig. 4), when 259 
WSA gives false results for the interpolated segment, as in Fig. 4B, because it substituted the 260 
missing values with extreme values (Fig. 4B). Thus, the dataset should be split and assessed in two 261 
parts, leaving out the problematic section (Fig. 4C; Part I & II). Although, this increases the 262 
proportion of edge artifacts, in contrast to the original case, it nonetheless gives a meaningful result. 263 
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 264 
Fig. 4. Example of the PDS graph of dissolved oxygen from the Szolnok sampling site A). An 265 
artificial 1 year gap was introduced to the time series B) to show its negative effect on the 266 
wavelet spectra. Than by splitting the time series at the gap and exploring its wavelet spectrum in 267 
two section (Part I & Part II) its PSD graphs become meaningful and evaluable. 268 
 269 
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3.2. General trends observed 270 
The assessed river section is characterized by widely varying runoff (min 26 m3s-1 max 3220 271 
m3 s-1; Table A1) with the average runoff increasing 4-fold in Hungary as we proceed downstream. 272 
The water quality parameters increased in concentration downstream as well, by a factor of between 273 
1.02-2.45. The only exception is DO, the concentration of which decreased about 25% over the 274 
Hungarian section. The two most variable parameters were ammonium and runoff, while the other 275 
parameters’ coefficient of variation (CV) remained between 20-60%, which may be considered as 276 
quite conservative. The CVs showed a decrease downstream (Table S1; Fig. S2). 277 
 278 
3.3. Periodicity analysis 279 
The annual periodicity of the water quality parameters differed at the sampling sites, with an 280 
average 36% increase in its value downstream (Fig. 5). The smallest PIsl was seen at T1 (22%), 281 
while the largest PIsl at the penultimate site in Hungary, T13 (58%). The increase was not even 282 
because of the anomaly seen at the water barrage system of Tiszalök. Before the obstacle at 283 
sampling site T5, the water is slowed down and PIsl drops to 40%, while right after the dam (at T6), 284 
a remarkable increase is seen in annual periodicity (PIsl=49%), however, at one site downstream 285 
(T7), a less mature annual periodic behavior is once again to be (PIsl=46%, for details see Table 286 
A2). 287 
Since the River Tisza can be considered a linear system (Kovács et al., 2015), the PIsls of the sites 288 
can be evaluated against the distance between the sites, giving significant (p<0.01) linear models 289 
(adjusted R2 (R~2) = 0.5-0.8; Fig. 5). The PI of the nutrients increases most rapidly downstream 290 
(steepest slope), while the model with the PI of the ions included has the shallowest slope. 291 
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 293 
Fig. 5. Summary figure of the linear regression models of periodicity indices (PIs – 294 
defined in Table 2) with different combinations of water quality variables incorporated into them 295 
vs. river km. 296 
 297 
3.4. Chlorophyll-a estimation 298 
In the study, seven multiple regression models were derived to estimate the chlorophyll-a 299 
content of the water using the PIs of the water quality parameters at the different sites (Table 3). 300 
The obtained models were evaluated by taking into account multiple factors - R~2, root mean square 301 
error (RMSE), model p-value, and variance inflation factor (VIF) - as suggested by O’Brien (2007), 302 
in order to find the best combination of driving PIs. 303 
The estimated and measured chlorophyll-a values correlated at r>0.6, all the models were 304 
proven to be significant according to the chi square test (p<0.05), and a VIF of <2.48 indicated that 305 
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there is no multicollinearity in either model. The average RMSE was 1.048 µg L-1, the average 306 
R~2=0.446. Based on the preceding, it was possible to make a clear distinction between the models, 307 
with, two out of the seven proving to be better, lm6 & lm7. Regarding R~2, lm6 performed better 308 
than lm7 (difference in R~2 =0.041), while lm7 had a smaller RMSE than lm6 (difference 0.01 µg 309 
L-1).  310 
 311 
Table 3. Parameters of the linear regression models used to estimate chlorophyll-a, the 312 
best two models are in bold (for equations of the linear regression models see Table A3) 313 
Code Dependent variable Independent variable(s)  R~2 p-value RMSE 
lm1 
cl
o
ro
p
h
y
ll
-a
 
PIrunoff 0.357 0.014 1.16 
lm2 PInutrients 0.460 0.005 1.06 
lm3 PIions 0.411 0.008 1.11 
lm4 PI runoff, nutrients 0.447 0.015 1.03 
lm5 PI runoff, ions 0.433 0.018 1.04 
lm6 PI nutrients, ions 0.504 0.008 0.98 
lm7 PI runoff, nutrients, ions 0.463 0.026 0.97 
 314 
4. Discussion 315 
The presence of an annual period was to be expected in the analyzed section of the river, 316 
since the main meteorological processes driving the water quality of the river have annual 317 
periodicity (Tanos et al., 2015). This annual periodic behavior increases downstream, and so does 318 
chlorophyll-a content, as the river turns into more of a lower section stream having “lake-like” 319 
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characteristics. Its waters’ residence time increases, flow velocity decreases, better light conditions 320 
are achieved, with more available nutrients etc. downstream. This was similar to the phenomenon 321 
observed on the Loire (Abonyi et al., 2012), or as an “extreme” example, that section of the River 322 
Zala beyond the point where its waters reach a constructed wetland. The River Zala’s flow velocity 323 
decreased, chlorophyll-a content increased and so did the annual periodicity of its water quality 324 
parameters (Kovács et al., 2010). A similar phenomenon was expected and observed in the case of 325 
the River Tisza as well, and will be discussed in the following section. Consequently, for the first 326 
time, the periodic behavior of water quality parameters was used to model the phytoplankton 327 
biomass in rivers. 328 
 329 
4.1. General trends 330 
Starting from the upper section of the river Tisza in Hungary, a higher variability was 331 
observed for runoff, dissolved oxygen and nutrients than for other parameters, and this then 332 
decreased downstream. In parallel with this decrease in their variability, their periodic behavior 333 
increased, indicating a fundamental change in the most important characteristics of the river 334 
(Reynolds, 1984). As the water slows down, the residence time increases, furnishing the conditions 335 
for a close-to-equilibrium state to form (Kovács et al., 2010). Thus, heading downstream, the river 336 
becomes ever more similar to a turbid lake than to a fast flowing upper section river (Reynolds, 337 
1984; Stanković, et al., 2012).  338 
 339 
4.2 Changes in the periodic behavior of the River Tisza 340 
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If the above information is combined not only in the case of the focus parameters, but for all 341 
the measured parameters and each sapling site, then the same pattern as discussed above may be 342 
seen, that is, increasingly periodic behavior downstream (Fig. 5). This was observed to be 343 
interrupted by (i) anthropogenic influences and/or (ii) natural ones (Fig. 5 boxes). 344 
As for the former (i), site T06 can be mentioned as an example, where the increasing trend 345 
of PIsl is interrupted by the Tiszalök Water Barrage System. Here, the river temporarily slows 346 
down, the PIsl peaks (Fig. 5: box2), then decreases once again. This concurs with the more general 347 
observation that with an increased residence time, periodic behavior should increase as well (Tanos 348 
et al., 2015). 349 
As for the latter (ii), after T01, the River Szamos enters the Tisza, and this tributary displays 350 
approximately 30% higher periodic behavior. The Szamos-PIsl = 50%, and its runoff was 52% more 351 
than the closest site upstream from the mouth in the River Tisza (T01). This boosted the increase 352 
in periodicity in the main branch (Fig. 5: box1). As the Kőrös tributary is reached, it might be 353 
though that a change should be anticipated in the PIsl of the River Tisza. Interestingly, however, no 354 
such phenomenon is observed. The reason is probably because the Kőrös River (Kőrös-PIsl=41%) 355 
only brings an additional 23% runoff compared to the nearest site of the main branch upstream 356 
(Tanos et al., 2015), which was not enough for the periodic behavior of the River Tisza to change. 357 
The River Maros (Maros- PIsl=40%), however, brought an additional 30% runoff, which was 358 
enough to interrupt the periodicity of the water quality parameters in the Tisza, decreasing the PIsl 359 
from 58 to 52% between sites T13 and T14 respectively (Fig. 5: box III). 360 
 361 
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4.3 Estimating chlorophyll-a content based on the periodicity indices of the sampling 362 
locations (PIsl) 363 
As periodicity is a natural behavior of a riverine system, it plays a role in forming natural 364 
phytoplankton dynamics. Heading downstream, the River Tisza takes on the characteristics of a 365 
lower section type river (Section 4.1), its periodic behavior increases (Section 4.2) and so does its 366 
chlorophyll-a content (Table A1). The light conditions get better, due to the decreased amount of 367 
sediments supporting phytoplankton growth. In parallel with this, the longer residence time allows 368 
true riverine phytoplankton to grow. These natural longitudinal changes are reflected in the 369 
transition from benthic Pennales in the upper section to meroplanktic greens via unicellular centric 370 
diatoms at the lower sections (Abonyi et al., 2012; Duleba et al., 2014) 371 
However, besides the clear longitudinal changes, there were anomalies in the general picture, 372 
as in some sections the chlorophyll-a decreased. Thus, it was a logical step to investigate the 373 
strength of the parallel change of chlorophyll-a content and periodic behavior of the different 374 
combinations of parameters by means of multiple regression analysis. This formed the backbone 375 
of the presented chlorophyll-a estimation approach. The best two estimations for chlorophyll-a 376 
were provided by the models consisting of the PIs of the nutrients, ions and, in the case of lm7, the 377 
PI of runoff.  378 
To verify the wide applicability of the methodology, using the same set of water quality 379 
variables and the same time interval (1993-2005), the possibility of estimating chlorophyll-a with 380 
the presented methodology in the Hungarian section of the River Danube was assessed and shown 381 
to be successful (Table A4). The results converged with those from the River Tisza (Table 3). In 382 
the best two models for estimating chlorophyll-a in the River Danube, one was the same as in the 383 
case of the River Tisza (PIrunoff, nutrients, ions), while the other one was PIrunoff, ions. This observation 384 
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provides an additional example of the success of the presented approach in estimating chlorophyll-385 
a concentrations. 386 
These results support the idea that the periodicity of these parameters has a significant and 387 
quantifiable effect on primary production. Both anthropogenic and natural disturbances which 388 
reduce periodicity decrease primary production as well. This can then affect the whole riverine 389 
ecosystem through the food web (Ou and Winemiller, 2016; Roach and Winemiller, 2015). The 390 
increasing number and frequency of extreme events due to climate change in turn makes a 391 
decreasing phytoplankton biomass in rivers more likely. Extreme flooding can change the growth 392 
and resistance to flow detachment of the algae, as has been found to be the case in Taiwan (Chiu 393 
et al., 2016), and could be partly the effect of decreased algal biomass in rivers reported through 394 
Europe (Duleba et al., 2014). An additional important result is that in the lower section from the 395 
model a baseline chlorophyll-a concentration could be established (~8.5 µg L-1). This can be 396 
considered as a natural background chlorophyll-a level of the Tisza, indicating that the river should 397 
be in a mesotrophic state. This is accordance with the recommendation of the large river 398 
intercalibration group that riverine plankton be accorded high status.  399 
 400 
6. Conclusions 401 
Rivers are one of the most endangered ecosystems; besides their environmental value, they 402 
produce a wide range of ecosystem services. Therefore, their monitoring is a focal point of action 403 
strategies with the aim of conserving/improving environmental conditions. Through the analysis 404 
of a river on a broad timescale (1993-2005) it was proven that the periodicity of water quality 405 
variables has a significant and quantifiable effect on riverine ecosystems, specifically 406 
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phytoplankton biomass. Unfortunately, because there is still insufficient information available on 407 
species–habitat interactions, the integration and prognosis of ecosystem properties is not yet fully 408 
available (Wu et al., 2014). By modeling such water quality parameters as indicators of 409 
phytoplankton biomass we have the opportunity to bypass this step. In this sense, the present study: 410 
(i) fills a gap by determining the spatial distribution of the periodic behavior of a river’s 411 
general water quality parameters with Wavelet spectrum analysis, 412 
(ii) by the means of multiple regression analysis indicates a clear relationship between 413 
the obtained periodicity indices and chlorophyll-a, and 414 
(iii) presents a significant model explaining about 50% of the phytoplankton variance in 415 
the studied river section. 416 
Thus, the present predictions will hopefully now help to make the  assessment of future 417 
changes in ecosystem services, ecological status and the development of the most efficient water 418 
management policy possible (Chapman et al., 2016). Further studies are encouraged, if we are to 419 
see how this relationship changes if different rivers, or river sections (e.g. lower section, river delta) 420 
are assessed and additional (meteorological, physical, etc.) parameters are incorporated into the 421 
model. 422 
 423 
Acknowledgements 424 
We the authors would like to thank Paul Thatcher for his work on our English version. We 425 
would also like to give thanks for the support of the MTA “Lendület” program (LP2012-27/2012), 426 
GINOP-2.3.2-15-2016-00019 project and the János Bolyai Research Scholarship of the Hungarian 427 
Academy of Sciences. This is contribution No. XX of 2ka Palæoclimate Research Group. 428 
Pre-print of Ecological Indicators 78 (2017) 311–321; doi: 
http://dx.doi.org/10.1016/j.ecolind.2017.03.002  
 429 
References 430 
Abonyi, A., Leitão, M., Lançon, A.M., Padisák, J., 2012. Phytoplankton functional groups as 431 
indicators of human impacts along the River Loire (France). Hydrobiologia, 698(1), 233–432 
249, dx.doi.org/10.1007/s10750-012-1130-0. 433 
Allen, J.B., 1977. Short Time Spectral Analysis, Synthesis, and Modification by Discrete Fourier 434 
Transform. IEEE Transactions on Acoustics, Speech, and Signal Processing. 25 (3), 235–435 
238. 436 
Borics, G., Várbíró, G., Grigorszky, I., Krasznai, E., Szabó, S., Kiss, K.T., 2007. A new evaluation 437 
technique of potamo-plankton for the assessment of the ecological status of rivers. Large 438 
Rivers 17(3-4), 466 – 486, dx.doi.org/10.1127/lr/17/2007/466. 439 
Benedetto, J.J., Frazier M.W., (Eds.) 1994. Wavelets: Mathematics and Applications, CRC Press, 440 
Boca Raton. 441 
Bunn A., 2010. Statistical and visual crossdating in R using the dplR library. Dendrochronologia, 442 
28(4), 251–258, dx.doi.org/10.1016/j.dendro.2009.12.001. 443 
Bunn, A., Korpela, M., Biondi, F., Campelo, F., Mérian, P., Qeadan, F., Zang C., 2016. dplR: 444 
Dendrochronology Program Library in R. R package version 1.6.4. http://CRAN.R-445 
project.org/package=dplR (accessed 17.10.16). 446 
Chapman, D.V., Bradley, C., Gettel, G.M., Hatvani, I.G., Hein, T., Kovács, J., Liska, I., Oliver, 447 
D.M., Tanos, P., Trásy, B., Várbíró, G., 2016. Developments in water quality monitoring and 448 
management in large river catchments using the Danube River as an example, Environmental 449 
Science & Policy, 64, 141-154, dx.doi.org/10.1016/j.envsci.2016.06.015. 450 
Pre-print of Ecological Indicators 78 (2017) 311–321; doi: 
http://dx.doi.org/10.1016/j.ecolind.2017.03.002  
Chiu, M-C., Kuo, M-H., Chang, H-Y., Lin, H-J., 2016. Bayesian Modeling of the Effects of 451 
Extreme Flooding and the Grazer Community on Algal Biomass Dynamics in a Monsoonal 452 
Taiwan Stream. Microb. Ecol. 72, 372–380, dx.doi.org/10.1007/s00248-016-0791-z. 453 
Csathó, P., Sisák, I., Radimszky, L., Lushaj, S., Spiegel, H., Nikolova, M.T., Nikolov, N., Cermak, 454 
P., Klir, J., Astover, A., Karklins, A., Lazauskas, S., Kopinski, Hera, C., Dumitru, E., 455 
Manojlovic, M., Bogdanovic, D., Torma, S., Leskosek, M., Khristenko, A., 2007. Agriculture 456 
as a source of phosphorus causing eutrophication in Central and Eastern Europe. Soil Use 457 
and Management Supplement 23, 36–56, dx.doi.org/10.1111/j.1475-2743.2007.00109.x. 458 
Daily, G., 1997. Nature's Services. Island Press, Washington, ISBN: 9781559634762. 459 
Descy, J.-P., 1987. Phytoplankton composition and dynamics in the river Meuse (Belgium). Algol. 460 
Stud. für Hydrobiol. Suppl. 47, 225-245. 461 
Descy, J.-P., Darchambeau, F., Lambert, T., Stoyneva-Gaertner, M.P., Bouillon, S., Borges, A. V., 462 
2017. Phytoplankton dynamics in the Congo River. Freshwater. Biology. 62, 87–101. doi: 463 
10.1111/fwb.12851 464 
Daubechies, I., 1990. The wavelet transform, time–frequency localization and signal analysis. 465 
IEEE Transactions on Information Theory, 36(5), 961–1005, dx.doi.org/10.1109/18.57199. 466 
Dokulil, M., 2006. Assessment of potamoplankton and primary productivity in the river Danube: 467 
A review. In Proceedings 36th International Conference of IAD. Austrian Committee Danube 468 
Research/IAD, Vienna. ISBN 13: 978-3-9500723- 2-7, 1-5. 469 
Draper, N.R., Smith, H., 1998. Applied Regression Analysis, 3rd Edition. Wiley. 470 
Duleba, M., Ector, L., Horváth, Z., Kiss, K.T., Molnár, L.F., Pohner, Z., Szilágyi, Z., Tóth, B., 471 
Vad, C.F., Várbíró, G., Ács, É., 2014. Biogeography and Phylogenetic Position of a Warm-472 
stenotherm Centric Diatom, Skeletonema potamos (C.I. Weber) Hasle and its Long-term 473 
Pre-print of Ecological Indicators 78 (2017) 311–321; doi: 
http://dx.doi.org/10.1016/j.ecolind.2017.03.002  
Dynamics in the River Danube. Protist 165, 715–729, 474 
dx.doi.org/10.1016/j.protis.2014.08.001. 475 
EC (2000) Directive 2000/60/EC of the European Parliament and of the Council establishing a 476 
framework for Community action in the field of water policy. OJ L 327, 22.12.2000 477 
Elliott, A., Irish, A., Reynolds, C., 2010. Modelling phytoplankton dynamics in freshwaters: 478 
affirmation of the PROTECH approach to simulation. Freshwater Reviews, 3(1), 75-96, 479 
dx.doi.org/10.1608/FRJ-3.1.4. 480 
Farge, M., 1992. Wavelet transforms and their applications to turbulence. Annual Review of Fluid 481 
Mechanics 24(1), 395-458, dx.doi.org/ 10.1146/annurev.fl.24.010192.002143. 482 
Fehér, K., Kovács, J., Márkus, L., Borbás, E., Tanos, P., Hatvani, I.G., 2016. Analysis of drip water 483 
in an urban karst cave beneath the Hungarian capital (Budapest). Acta Carsologica, In Press. 484 
Grinsted, A., Moore, J.C., Jevrejeva, S., 2004. Application of the cross wavelet transform and 485 
wavelet coherence to geophysical time series. Nonlinear Processes in Geophysics, 11(5-6), 486 
561–566, dx.doi.org/10.5194/npg-11-561-2004. 487 
Hatvani, I.G., 2014. Application of state-of-the-art geomathematical methods in water protection: 488 
- on the example of the data series of the Kis-Balaton Water Protection System, School of 489 
Environmental Sciences. Eötvös Loránd University, p. 110. 490 
Hering, D., Johnson, R.K., Kramm, S., Schmutz, S., Szoszkiewicz, K., Verdonschot, P.F.M., 2006. 491 
Assessment of European streams with diatoms, macrophytes, macroinvertebrates and fish: a 492 
comparative metric-based analysis of organism response to stress. Freshw Biol 51, 1757–493 
1785, dx.doi.org/10.1111/j.1365-2427.2006.01610.x. 494 
Hering, D., Borja, A., Carstensen, J., Carvalho, L., Elliott, M., Feld, C.K., Heiskanen, A-S., 495 
Johnson, R.K., Moe, J., Pont, D., Solheim A.L., van de Bund, W. (2010). The European 496 
Water Framework Directive at the age of 10: a critical review of the achievements with 497 
Pre-print of Ecological Indicators 78 (2017) 311–321; doi: 
http://dx.doi.org/10.1016/j.ecolind.2017.03.002  
recommendations for the future. The Science of the Total Environment, 408(19), 4007–4019, 498 
doi.org/10.1016/j.scitotenv.2010.05.031. 499 
Huang, J., Gao, J., Hörmann, G., 2012. Hydrodynamic-phytoplankton model for short-term 500 
forecasts of phytoplankton in Lake Taihu, China, Limnologica, 42(1 7-18, 501 
dx.doi.org/10.1016/j.limno.2011.06.003. 502 
Huang, J., Gao, J., Hörmann, G., Fohrer, N., 2014. Modeling the effects of environmental variables 503 
on short-term spatial changes in phytoplankton biomass in a large shallow lake, Lake Taihu. 504 
Environmental Earth Sciences, 72(9), 3609–3621, dx.doi.org/ 10.1007/s12665-014-3272-z. 505 
Istvánovics, V., Honti, M., 2012. Efficiency of nutrient management in controlling eutrophication 506 
of running waters in the Middle Danube Basin. Hydrobiologia, 686(1), 55–71. 507 
dx.doi.org/10.1007/s10750-012-0999-y. 508 
Istvánovics, V., Honti, M., Kovács, Á., Kocsis, G., Stier, I., 2014. Phytoplankton growth in relation 509 
to network topology: time-averaged catchment-scale modelling in a large lowland river. 510 
Freshwater Biology 59, 1856–1871, dx.doi.org/10.1111/fwb.12388. 511 
Jeong, K-S., Kim, D-K., Jung, J-M., Kim, M-C., Joo, G-J., 2008. Non-linear autoregressive 512 
modelling by Temporal Recurrent Neural Networks for the prediction of freshwater 513 
phytoplankton dynamics. Ecological Modelling, 211(3–4), 292-300, 514 
dx.doi.org/10.1016/j.ecolmodel.2007.09.029. 515 
Jeong, K-S., Joo, G-J., Kim, H-W., Ha, K., Recknagel, F., 2001. Prediction and elucidation of 516 
phytoplankton dynamics in the Nakdong River (Korea) by means of a recurrent artificial 517 
neural network. Ecological Modelling 146(1-3), 115 – 129, dx.doi.org/10.1016/S0304-518 
3800(01)00300-3. 519 
Pre-print of Ecological Indicators 78 (2017) 311–321; doi: 
http://dx.doi.org/10.1016/j.ecolind.2017.03.002  
Kentel, E., Alp, E., 2013. Hydropower in Turkey: Economical, social and environmental aspects 520 
and legal challenges. Environmental Science & Policy, 31, 34-43, 521 
dx.doi.org/10.1016/j.envsci.2013.02.008. 522 
Kern Z., Németh A., Gulyás M.H., Popa I., Levanic T., Hatvani I.G., 2016. Natural proxy records 523 
of temperature- and hydroclimate variability with annual resolution from the Northern 524 
Balkan-Carpathian region for the past millennium – review & recalibration. Quaternary 525 
International, 415, 109-125, dx.doi.org/10.1016/j.quaint.2016.01.012. 526 
Kingsford, R.T., 2000. Ecological impacts of dams, water diversions and river management on 527 
floodplain wetlands in Australia. Austral Ecology 25, 109–127, dx.doi.org/ 10.1046/j.1442-528 
9993.2000.01036.x. 529 
Koenig, R., 2000. Wildlife Deaths Are a Grim Wake-Up Call in Eastern Europe. Science, 287 530 
(5459), 1737-1738, 10.1126/science.287.5459.1737. 531 
Kovács, J., Szabó, P., Szalai, J., 2004. (in Hungarian: A talajvízállás idősorok vizsgálata a Duna-532 
Tisza közén). Vízügyi Közlemények 86(3-4), 607-624. 533 
Kovács, J., Hatvani, I.G., Korponai, J., Székely Kovács, I., 2010. Morlet wavelet and 534 
autocorrelation analysis of long-term data series of the Kis-Balaton water protection system 535 
(KBWPS). Ecological Engineering, 36(10), 1469-1477, 536 
dx.doi.org/10.1016/j.ecoleng.2010.06.028. 537 
Kovács, J., Kovács, S., Hatvani, I.G., Magyar, N., Tanos, P., Korponai, J., Blaschke, A.P., 2015. 538 
Spatial Optimization of Monitoring Networkson the Examples of a River, a Lake-Wetland 539 
System and a Sub-Surface Water System. Water Resources Management, 29, 5275, 540 
dx.doi.org/10.1007/s11269-015-1117-5. 541 
Pre-print of Ecological Indicators 78 (2017) 311–321; doi: 
http://dx.doi.org/10.1016/j.ecolind.2017.03.002  
Lafreniére, M., Sharp, M., 2003. Wavelet analysis of inter-annual variability in the runoff regimes 542 
of glacial and nival stream catchments, Bow Lake, Alberta. Hydrological. Processes. 17(6), 543 
1093–1118, dx.doi.org/10.1002/hyp.1187. 544 
Lászlóffy, W., 1982. Works on the River Tisza and water management on the Tisza’s water system 545 
(in hungarian: A Tisza, vízi munkálatok és vízgazdálkodás a tiszai vízrendszerben). 546 
Akadémiai Kiadó, Budapest. 1982. 547 
Lomb, N.R., 1976. Least-squares frequency analysis of unequally spaced data. Astrophysics and 548 
Space Science, 39, 447-462, dx.doi.org/10.1007/BF00648343. 549 
Mander, Ü., Forsberg, C., (2000). Nonpoint pollution in agricultural watersheds of endangered 550 
coastal seas. Ecological Engineering, 14, 317-324, dx.doi.org/10.1016/S0925-551 
8574(99)00058-0. 552 
Moreira, J.R., Poole, A.D., 1993. Hydropower and its constraints. in: Johansson, T.B., Kelly, H., 553 
Reddy, A.K.N., Williams, R.H. (Eds.), Renewable Energy: Sources for Fuels and Electricity. 554 
Island Press, Washington, pp. 73-119. 555 
Morlet, J., Arens, G., Fourgeau, E., Giard, D., 1982. Wave propagation and sampling theory; Part 556 
I, Complex signal and scattering in multilayered media. Geophysics 47, 203-221, 557 
dx.doi.org/10.1190/1.1441328. 558 
Moss, B., Balls, H., 1989. Phytoplankton distribution in a floodplain lake and river system. II 559 
Seasonal changes in the phytoplankton communities and their control by hydrology and 560 
nutrient availability. J. Plankton Res. 11, 839–867. dx.doi.org/10.1093/plankt/11.4.839 561 
Neal, C., Davies, H., Neal, M., 2008. Water quality, nutrients and the water framework directive 562 
in an agricultural region: the lower Humber Rivers, northern England. Journal of Hydrology, 563 
350, 232–245, dx.doi.org/10.1016/j.jhydrol.2007.10.059. 564 
Pre-print of Ecological Indicators 78 (2017) 311–321; doi: 
http://dx.doi.org/10.1016/j.ecolind.2017.03.002  
O’brien, R.M., 2007. A Caution Regarding Rules of Thumb for Variance Inflation Factors. Quality 565 
& Quantity, 41(5), 673–690, dx.doi.org/ 10.1007/s11135-006-9018-6. 566 
Ou, C., Winemiller, K.O., 2016. Seasonal hydrology shifts production sources supporting fishes in 567 
rivers of the Lower Mekong Basin. Can. J. Fish. Aquat. Sci. 73, 1342–1362, 568 
dx.doi.org/10.1139/cjfas-2015-0214. 569 
Pécsi M., 1969. Great Plane of the Tisza (in Hungarian). Akadémiai Kiadó, p 382, Budapest. 570 
Phillips, G., Pietiläinen, O., Carvalho, L., Solimini, A., Lyche Solheim, A., Cardoso, A., 2008. 571 
Chlorophyll–nutrient relationships of different lake types using a large European dataset. 572 
Aquatic Ecology 42(2), 213–226, dx.doi.org/10.1007/s10452-008-9180-0. 573 
Poikane, S., van den Berg, M., Hellsten, S., de Hoyos, C., Ortiz-Casas, J., Pall, K., Portielje, R., 574 
Phillips, G., Solheim, A.L., Tierney, D., Wolfram, G., van de Bund, W., 2011. Lake 575 
ecological assessment systems and intercalibration for the European Water Framework 576 
Directive: Aims, achievements and further challenges. Procedia Environ. Sci. 9, 153–168, 577 
dx.doi.org/10.1016/j.proenv.2011.11.024. 578 
R Core Team, 2015. R: A Language and Environment for Statistical Computing. R Foundation for 579 
Statistical Computing, Vienna, Austria. 580 
Read, D.S., Bowes, M.J., Newbold, L.K., Whiteley, A.S., 2014. Weekly flow cytometric analysis 581 
of riverine phytoplankton to determine seasonal bloom dynamics. Environ. Sci.: Process. 582 
Impacts 16, 594-603, dx.doi.org/10.1039/C3EM00657C. 583 
Reyjol, Y., Argillier, C., Bonne, W., Borja, A., Buijse, A.D., Cardoso, A.C., Daufresne, M., 584 
Kernan, M., Ferreira, M.T., Poikane, S., Prat, N., Solheim, A-L., Stroffek, S., Usseglio-585 
Polaterak, P., Villeneuve, B., van de Bund, W., 2014. Assessing the ecological status in the 586 
context of the European Water Framework Directive: Where do we go now? Science of The 587 
Total Environment, 497-498, 332–344. dx.doi.org/10.1016/j.scitotenv.2014.07.119. 588 
Pre-print of Ecological Indicators 78 (2017) 311–321; doi: 
http://dx.doi.org/10.1016/j.ecolind.2017.03.002  
Reynolds, C.S. (1984). Phytoplankton periodicity: the interactions of form, function and 589 
environmental variability. Freshwater Biology, 14, 111–142. dx.doi.org/10.1111/j.1365-590 
2427.1984.tb00027.x. 591 
Roach, K.A., Winemiller, K.O., 2015. Hydrologic regime and turbidity influence entrance of 592 
terrestrial material into river food webs. Can. J. Fish. Aquat. Sci. 72(7), 1099–1112, 593 
dx.doi.org/10.1139/cjfas-2014-0459. 594 
Ruyter Van Steveninck, E.D., van Zanten, B., Admiraal, W., 1990. Phases in the development of 595 
riverine plankton: Examples from the rivers Rhine and Meuse. Hydrobiological Bulletin, 24, 596 
47-55. doi:10.1007/BF02256748 597 
Sakan, S., Gržetić, I., Đorđević, D., 2007. Distribution and Fractionation of Heavy Metals in the 598 
Tisa (Tisza) River Sediments. Environmental Science and Pollution Research, 14(4), 229-599 
236, dx.doi.org/10.1065/espr2006.05.304. 600 
Schreiber, H., Behrendt, H., Constantinescu, L.T., Cvitanic, I., Drumea, D., Jabucar, D., Juran, S., 601 
Pataki, B., Snishko, S., Zessner, M., 2005. Nutrient emissions from diffuse and point sources 602 
into the River Danube and its main tributaries for the period of 1998–2000—results and 603 
problems. Water Science and Technology 51(3-4), 283–290. 604 
Stanković, I., Várbíró, G., Gligora Udovič, M., Borics, G., Vlahović, T., 2012. Phytoplankton 605 
functional and morpho-functional approach in large floodplain rivers. Hydrobiologia, 698: 606 
217, dx.doi.org/10.1007/s10750-012-1148-3. 607 
Scargle, J.D., 1982. Studies in astronomical time series analysis. II–Statistical aspects of spectral 608 
analysis of unevenly spaced data. The Astrophysical Journal, 263, 835–853, 609 
dx.doi.org/10.1086/160554. 610 
Pre-print of Ecological Indicators 78 (2017) 311–321; doi: 
http://dx.doi.org/10.1016/j.ecolind.2017.03.002  
Takács, K., Kern, Z., Nagy, B., 2013. Impacts of anthropogenic effects on river ice regime: 611 
Examples from Eastern Central Europe. Quaternary International, 293, 275-282, 612 
dx.doi.org/10.1016/j.quaint.2012.12.010. 613 
Takács, K., Kern Z., 2015. Multidecadal changes in the river ice regime of the lower course of the 614 
River Drava since AD 1875. Journal of Hydrology, Volume 529(3), 1890-1900, 615 
dx.doi.org/10.1016/j.jhydrol.2015.01.040. 616 
Tanos, P., Kovács, J., Kovács, S., Anda, A., Hatvani, I.G., 2015. Optimization of the monitoring 617 
network on the River Tisza (Central Europe, Hungary) using combined cluster and 618 
discriminant analysis, taking seasonality into account. Environmental Monitoring and 619 
Assessment 187(9), 575, dx.doi.org/10.1007/s10661-015-4777-y. 620 
Tauber, T., Berta, B., Szabó, Z., Kovács, J., Márialigeti, K., Tóth, E.M., 2011. A simple and novel 621 
volumetric method to metre low gas flows from laboratory-scale bioreactors and its 622 
application on laboratory sludge digesters. Applied microbiology and biotechnology 90(4), 623 
1453-1461, dx.doi.org/10.1007/s00253-011-3147-0. 624 
Torrence, C., Compo, G.P., 1998. A practical guide to wavelet analysis. Bulletin of the American 625 
Meteorological society, 79(1), 61–78, dx.doi.org/10.1175/1520-626 
0477(1998)079<0061:APGTWA>2.0.CO;2. 627 
Várbíró, G., Acs, É., Borics, G., Érces, K., Fehér, G., Grigorszky, I., Japoport, T., Kocsi, G., 628 
Krasznai, E., Nagy, K., Nagy-László, Zs., Pilinszky, Zs., Kiss, K.T., 2007. Use of Self-629 
Organizing Maps (SOM) for characterization of riverine phytoplankton associations in 630 
Hungary. Archiv für Hydrobiologie, 17(3-4), 383-394, dx.doi.org/ 10.1127/lr/17/2007/383. 631 
Vidakovic, B., 2009. Statistical modeling by wavelets, John Wiley & Sons, New Jersey. 632 
Villegas, I., de Giner, G., 1973. Phytoplankton as a biological indicator of water quality. Water 633 
Res. 7, 479-487. dx.doi.org/10.1016/0043-1354(73)90028-6. 634 
Pre-print of Ecological Indicators 78 (2017) 311–321; doi: 
http://dx.doi.org/10.1016/j.ecolind.2017.03.002  
Wehr, J.D., Descy, J-P., 1998. Use of phytoplankton in large river management. Journal of 635 
Phycology 34(5), 741–749, dx.doi.org/10.1046/j.1529-8817.1998.340741.x. 636 
Wu, N., Huang, J., Schmalz, B., Fohrer, N., 2014. Modeling daily chlorophyll a dynamics in a 637 
German lowland river using artificial neural networks and multiple linear regression 638 
approaches. Limnology, 15(1),47–56, dx.doi.org/10.1007/s10201-013-0412-1. 639 
Wu, N., Schmalz, B., Fohrer, N., 2012. Development and testing of a phytoplankton index of biotic 640 
integrity (P-IBI) for a German lowland river, Ecological Indicators, 13(1), 158-167, 641 
dx.doi.org/10.1016/j.ecolind.2011.05.022. 642 
Yanyou, G., Yijun, H., Mingkui, L., 2006. Multi-scale wavelet analysis of TOPEX/Posseidon 643 
altimeter significant wave height in eastern China seas. Chinese Journal of Oceanology and 644 
Limnology 24(1), 81-86, dx.doi.org/10.1007/BF02842779. 645 
Zhang, Q., Gemmerb, M., Chena, J., 2008. Climate changes and flood/drought risk in the Yangtze 646 
Delta, China,during the past millennium. Quaternary International 176–177, 62–69, 647 
dx.doi.org/10.1016/j.quaint.2006.11.004. 648 
Zsuga, K., Tóth, A., Pekli, J., Udvari, Z., 2004. A Tisza vízgyűjtő zooplanktonjának alakulása az 649 
1950-es évektől napjainkig. Hidrológiai Közlöny, 84(5-6), 175-178. 650 
  651 
Pre-print of Ecological Indicators 78 (2017) 311–321; doi: 
http://dx.doi.org/10.1016/j.ecolind.2017.03.002  
Appendices 652 
Table A1. Characteristics of the Hungarian section of the River Tisza 653 
Code Sampling location 
River 
Km EOVX EOVY 
Number of 
data 
Chlorophyll-a  
averages in µg L-1 
T01 Tiszabecs 757 313555 931595 196 1.5 
T02 Aranyosapáti 668.6 324874 890067 185 4.1 
T03 Záhony 636.8 345788 881408 186 4.1 
T04 Balsa 565 317800 836068 176 5.7 
T05 Tiszalök upstream of WBS 525.1 300124 819642 313 3.9 
T06 Tiszalök downstream of WBS 523.1 300419 815511 164 4.5 
T07 Polgár 487.2 287048 801740 181 5.3 
T08 Tiszakeszi 464.1 272985 796336 162 5.3 
T09 Tiszafüred 433.5 256591 776155 170 5.3 
T10 Szolnok 335.4 203891 738554 196 6.1 
T11 Tiszaug 266.4 169753 726219 170 5.9 
T12 Mindszent 216.2 132631 735619 161 5.6 
T13 Tápé 177.5 101759 739083 186 6 
T14 Tiszasziget 162.5 93990 731637 191 8.6 
 654 
Table A2. Average periodicity of water quality variables for each sampling site with the average 655 
periodicity indices for the whole Hungarian river section (PIvs) given in the last row and the PIs 656 
giving the average periodic behavior of each sampling location (PIsl) in the last column. 657 
Code Runoff DO BOD-5 Ca2+ Mg2+ Na+ K+ Cl- SO4
2- HCO3
- NH4-N NO2-N NO3-N PO4-P PIsl 
T01 41% 70% 0% 43% 10% 13% 8% 12% 14% 29% 0% 0% 68% 0% 22% 
T02 52% 54% 32% 21% 0% 46% 28% 29% 28% 32% 17% 13% 59% 26% 31% 
T03 79% 40% 31% 36% 9% 38% 12% 32% 42% 0% 18% 31% 63% 36% 33% 
T04 53% 31% 44% 28% 0% 51% 15% 34% 31% 12% 20% 39% 58% 36% 32% 
T05 57% 100% 0% 17% 45% 55% 49% 41% 0% 57% 39% 0% 35% 48% 40% 
T06 87% 99% 16% 46% 16% 48% 75% 54% 0% 50% 59% 3% 100% 39% 49% 
T07 77% 100% 0% 19% 26% 26% 75% 37% 30% 30% 62% 17% 99% 39% 46% 
T08 75% 100% 22% 20% 32% 15% 85% 29% 24% 32% 60% 12% 98% 30% 45% 
T09 65% 100% 4% 23% 13% 42% 88% 40% 17% 32% 88% 19% 98% 50% 49% 
T10 79% 100% 38% 14% 35% 44% 81% 43% 19% 46% 72% 22% 97% 43% 53% 
T11 79% 100% 36% 28% 14% 28% 75% 30% 13% 45% 83% 12% 99% 40% 49% 
T12 83% 100% 76% 55% 24% 20% 20% 58% 20% 50% 37% 32% 95% 86% 54% 
T13 72% 100% 100% 29% 22% 37% 53% 51% 14% 46% 88% 22% 97% 82% 58% 
T14 83% 100% 15% 50% 30% 59% 47% 72% 28% 24% 66% 33% 95% 19% 52% 
PIv 70% 85% 30% 31% 20% 37% 51% 40% 20% 35% 51% 18% 83% 41% 
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Table A3. Equations of the linear regression models 659 
Code Equations of the linear regression models 
lm1 chlorophyll-ai = 6.93∙PIrunoff i + 0.27 
lm2 chlorophyll-ai = 6.99∙PInutrients i + 1.74 
lm3 chlorophyll-ai = 14.02∙PIions i + 0.45 
lm4 chlorophyll-ai = 2.79∙PIrunoff i + 5.14∙PInutrients i + 0.68 
lm5 chlorophyll-ai = 3.68∙PIrunoff i + 9.35∙PIions i − 0.57 
lm6 chlorophyll-ai = 4.60∙PInutrients i + 7.69∙PIions i + 0.33 
lm7 chlorophyll-ai = 1.36∙PIrunoff i + 3.95∙PInutrients i + 6.87∙PIions i − 0.03 
 660 
Table A4. Parameters of the linear regression models used to estimate chlorophyll-a on 661 
River Danube; the best two models are in bold. 662 
Code Dependent variable Independent variable(s)  R~2 p-value RMSE 
lm1_Danube 
cl
o
ro
p
h
y
ll
-a
 
PIrunoff 0.464 0.013 2.224 
lm2_Danube PInutrients 0.312 0.043 2.250 
lm3_Danube PIions 0.405 0.021 2.085 
lm4_Danube PI runoff, nutrients 0.582 0.012 1.921 
lm5_Danube PI runoff, ions 0.710 0.002 1.736 
lm6_Danube PI nutrients, ions 0.356 0.071 2.109 
lm7_Danube PI runoff, nutrients, ions 0.669 0.013 1.735 
 663 
